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Abstract

Autonomous Deep Quality Monitoring in Streaming Environments
Monitoring plays a vital role in today's manufacturing industries due to its
positive contribution toward the increase of productivity, safety of
manufacturing operations, and reduction of manpower. It maximizes the
lifespan of equipment, avoiding unnecessary downtime and ensuring the
quality of the end product. Real-time quality monitoring is highly demanded
because the common practice in the industry is deemed too labor-intensive
as a result of multi-staged visual inspection. Accurate quality monitoring is
important to attain high customer satisfaction and to meet the product's
standard. Manual quality checks are limited in capacity, requiring time-
intensive efforts, which increases costs for companies significantly. This
has led to an in-depth study in utilizing data-driven approaches to fully
automate quality monitoring of manufacturing products. Data-driven
quality monitoring is developed through two steps, indirect sensing and
monitoring, which circumvents high development time as is the case for
analytical models. The models are capable of diagnosing possible defects
of end products without manual intervention. Various approaches have been
presented to deliver a reliable data-driven quality monitoring approach.
Who supervises the supervisor? Model monitoring in production using deep
feature embeddings with applications to workpiece inspection The
automation of condition monitoring and workpiece inspection plays an
essential role in maintaining high quality and throughput of the
manufacturing process. The recent rise of developments in machine
learning has led to vast improvements in autonomous process supervision.
One of the main challenges is the monitoring of live deployments of these
machine learning systems and raising alerts when encountering events that
might impact model performance. Supervised classifiers are typically built
under the assumption of stationarity in the underlying data distribution. A
visual inspection system trained on material surface defects does not adapt
or recognize gradual changes in the data distribution, known as 'data drift'.
It is desirable to provide real-time tracking of a classifier’s performance to
inform about the onset of additional error classes and the necessity for
manual intervention with respect to classifier re-training. Today's increased
level of automation in manufacturing requires the automation of material
quality inspection with minimal human intervention. Companies strive to
achieve both quantity and quality in production without compromising one
over the other. With advancements in Artificial Intelligence, companies
employ such technologies to automate quality inspection and monitor
machine conditions, thereby minimizing human intervention and
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optimizing factory capacities. One such event may be a gradual or abrupt
drift in the data distribution.
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industry,Real-Time Monitoring,Defect Detection,Predictive
Maintenance,Sensor Data  Analytics,Supervised  Learning,Anomaly
Detection,Computer Vision,Edge Computing, Time Series Analysis,Process
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1. Introduction

The growing demand for manufacturing needs leading industry to improve the productivity,
quality of the product, maintainability and controllability. One of the most important industries
today is the automotive industry. Automotive parts exhibit a high diversity in terms of sizes, shapes
and constituent materials. This enormous diversity leads to a high complexity in quality
inspections since an appropriate inspection strategy must be determined for each type of auto part.
Hence, new parts are demanded to be inspected with several manually determined parameters
based on the process characteristics, which is extremely labor and time consuming. To avoid
human errors and to improve the stability and reliability of the inspection process, it is preferable
to conduct fully automatic quality control in a robust and reliable manner. The fast development
of computer vision technologies has provided a wide range of solutions to potentially replace
human workers, such as deep learning. With the appearance of various vision sensors, inspection
data can be gathered in the form of high dimensional images and videos. Although deep learning
approaches have been widely applied in various areas of inspections, they are not robust and
credible enough to replace human inspectors. If unseen and extremely faulty parts undergo tests,
it will be impossible to detect them.

Hence, the model must adapt dynamically to the variations of the input data under and out of the
operating environment. The assembly process is crucial in automotive manufacturing, but adequate
robustness and reliability of possible errors in pick-up, in-motion and mounting have not been fully
investigated. With the growing demand on lower cost and higher performance of assembly
processes, and the stringent requirements for lower consumption and higher quality in automotive
products, those maskable picked up assemblies must be carefully inspected in real-time on-site.
Since the reliance on human inspection is facing limits of efficiency, accuracy and cost, it is
essential to develop a robust and reliable perception approach to automatically inspect the faulty
results. A fast and robust perception approach based on deformable part models (DPM) is proposed
for the vision based quality monitoring in automotive assembly. It can detect the mounted
assemblies precisely and efficiently in the factory before problems arise.
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Fig 1: Automation for in-line quality inspection
1.1. Research design This research encompasses various

areas of Knowledge Discovery and Data Mining (KDD). The goal is to help production engineers
with proactive Quality Control (QC). The focus is on using and developing mathematical models
in the context of predictive modeling for classification. The first objective is to present a
methodological approach for building a classifier ensemble to apply Proactive Quality Control
(PQC) in a non-trivial real-world problem. The ensemble relies on four different types of
classifiers: decision tree, KNNs, multilayer perceptron, and SVM classifiers. In addition, the
accuracy of the proposed models is analyzed on a real-world quality monitoring problem, with a
particular focus on the impact on the quality of the prototypes and the modeling efforts on the
choice of classifier types, selection criterion, and fusion process of classifier ensembles.

To provide a proactive QC, predictive models are developed and implemented in production
pipelines. The modeling framework comprises data collection and data mining phases, where the
latter includes potential preprocessing, learning, and post-processing tasks. The focus is on the
data mining tasks regarding classification problems in manufacturing. Firstly, how to use
supervised learning methods to detect defective workpieces in production is proposed. Then,
modeling post-processing techniques are discussed regarding using a classifier ensemble for
diagnosing and retraining choices on industrial data. The proposed classifier ensemble is a robust
and easy-to-maintain model for these tasks. The performance of the classifier ensemble is assessed
on the basis of an extensive experimental evaluation considering different learning, selection, and
fusion options for a large diversity of real-world scenarios.
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Equ 1: Optimization Objective (General ML Loss Function)

Where:
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» L is a loss function (e.g., cross-entropy or MSE)

Background and Motivation

The automotive industry is currently witnessing a significant resurgence and development,
mirrored in the growing demand and complexity of cars and vehicle systems. Only eight years
ago, a simple communication bus could suffice to connect a dozen controllers, while today there
are multiprocessor CPU systems that employ optical connections to handle more than a hundred
different nodes in one vehicle. The rapid evolution of both hardware and software necessitates the
usage of advanced methodologies during the development cycle, the implementation of which also
introduces many engineering challenges. A critical challenge, whose effective resolution is
required for the general acceptance of large-scale usage of advanced vehicle development
approaches, is the maintenance of a vehicle’s assembly process’ quality and stability.

The concept of quality, handled successfully by the automotive industry until present, can be
formally expressed as, for given process parameters K, the systems denoted as ¢Q have closed-
loop control (monitoring) that assures their realization provides output results Y closely following
pre-defined, explicitly stated, expected values W. It is a valid assumption that automotive assembly
processes have been designed to be as well-behaved as possible, in the sense that the paths ¢£,K(Y)
are continuous and differentiable functions of the inputs K, and the processes possess pre-defined,
explicitly-stated interactions. However, as the complexity of vehicle assembly lines and their strict
symmetry and bias constraints increased in parallel with the evolution in variety and richness of
vehicle systems, there came a technological point when the complexity became too great for off-
line design.

In the assembly system’s quest for structuring, the events denoted by ¢ are repeatedly and
consistently generated at predefined bin-points, using a large number of assembly tools and
parameters. This consistency appears as a successful repeat of the pre-defined goal state but at the
same time results in the generation of very similar output results Y. Lacking any input perturbation,
standard feed-forward/feedback control loops often do not provide information on process
changes. In addition, the introduction of assembly line post processing and reflective relations has
added the requirement of assessing process integrity and stability.
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Fig 2: Background and Motivation
3. Overview of Quality Control in Automotive Manufacturing

Quality can be described as the perceived excellence of a product or service. It includes the
complete set of characteristics of a product or service that bears on its ability to meet the declared
or implied needs of the customer. Quality control (QC) involves activities that are part of the
quality management system and are intended to ensure that the necessary quality requirements are
met. The importance of ensuring product quality is reflected in the significant growth in the
resources devoted to quality assurance and the rapid growth of the quality assurance and metrology
industries. The increasing use of machine vision in automation is leading to Intelligent Quality
Assurance Systems capable of using Al to determine the outcome of visual inspections.

Automotive assembly line manufacturers supply fully equipped vehicles after an assembly process
that takes place in an automotive assembly line. Acceptance of products relies heavily on visual
inspection by trained operators, who use human vision and quality inspection plans to assess the
quality of finished vehicles and release or reject them through a final quality control (FQC) process
at the end of the assembly line. The capacity of a robotic inspection system is currently limited to
about 20% of that of a human, and its efficiency is limited as a new robot must be programmed
for each new vehicle type when the vehicle design changes. An FQC system capable of using
robotic inspection systems is desirable, allowing for maximum utilization of inspection resources.
It is also necessary that the system accepts incrementally added QC tasks, which are enabled by
the ability to identify inspection resources equitably among continuously detected defective
products.

Vol.71 No. 04 (2022) 16805
http://philstat.org.ph



Mathematical Statistician and Engineering Applications
ISSN:2094-0343
2326-9865

Fig 3: Quality Control in Automotive Industry

3.1. Historical Context Whether it is to catch faulty products
at an early stage of production or to ensure that the visual aspects of manufactured products
conform with the requirements, automated visual inspection is fundamental to manufacturing. In
manufacturing, there are various visual aspects that may be required together with certain concepts
of acceptance/rejection. To assure that continuous production is not hampered, taking actions on
defects needs to be done as fast as possible. As such, it seems imperative to consider real-time
visual inspection options. Automated visual inspection is a computer vision and/or image
processing application that focuses on quality control in manufacturing. This is often done by
taking images of the products and extracting relevant features for these images. Machine learning
models are subsequently trained upon using these features to classify the products. In recent years,
with the rapid advancements in deep learning models, the process of automated visual inspection
has changed considerably. With the invention of convolutional neural networks, the feature
extraction part in machine vision has been simplified/automated. In this paradigm, a deep learning
model takes the input images directly and performs both the feature extraction and the
classification side. Because of the generality of the performance of trained models, automated
visual inspection has been a hot topic in various cases of manufacturing. From a parental car seat
to brakes, automated visual inspection with machine learning models has been used to produce
images on a feasible time scale. In all such work however, the comparison was done with a group
of machine learning models but it could happen that there is better performance with a known
state-of-the-art model of another library or another approach (such as transformers). As such, it
may be beneficial to have shared repositories of benchmark datasets with a fair comparison and
thorough evaluation. Furthermore, deep learning architectures and implementations ballooned in
size to the point that recreating them from scratch is an impossibility, calling for shared references
and perhaps even a common core or components.

3.2. Current Practices Traditionally, the development of an
automotive assembly process begins with a 3D CAD model. Based on the design intent, an
assembly process plan is created that provides the sequence of assembly operations along with
their parameters. The fixture design takes into consideration the assembly process model, product
nominal data, and assembly location. It determines the position and orientation of the parts in the
assembly system and essentially forms a closed loop in the design/engineering of the assembly
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process. For each operation, the designed fixture and associated assembly machines are used to
assemble mass-produced parts. Throughout the life cycle of the assembly process, these assembly
operations are executed using the assembly equipment and fixtures under the guidance of initial
process plans. Major assembly operations generally involve the relative motion of dedicated
fixed/automated fixtures, with regard to which parts-location combinations must be within a
specified tolerance in order to ensure quality assembly. Fixture-based assembly is robust; yet, if
there is unexpected excessive wear-and-tear of the fixture or shift of the part-location relationship
due to mis-threading jigs or errors in the handling robots, incorrectly located/dimensioned parts
will on occasion show up at the assembly benches.

Preventive maintenance approaches have to some degree been adopted to manage the deterioration
of assembly equipment and fixtures. However, few methods exist that can pinpoint assembly faults
to their root causes. After corrective actions are taken, a new batch of assemblies still needs to go
through extensive and costly off-line quality checks. There is a strong motivation for enabling
assembly process engineers to conduct on-line/pervasive fault diagnosis and corrective actions
even under strong coupling of fixture and part geometries, responsibilities and thus, expectations
during the assembly process. Allowing undisturbed flow of parts with excessive errors to the
assembly process is a common yet unfavourable situation. Typically on-line measurement of parts
and fixtures is not possible at every instance of the assembly process, and with the services of
special-purpose measurement jigs, any qualitative/quantitative diagnosis and corrective actions
would only be done at off-line locations. Poorly designed assembly process systems on the other
hand are non-robust and tend to be very sensitive to variation.

Equ 2: Reinforcement Learning (Adaptive Quality Control Adjustment)

Where:
s & current machine state
s a:action (e.g. adjust torque)

Q(s;a) < Q(s,a) +a |r + ymaxQ(s',d') - Q(S-ﬁ-)} * 7:reward (based on improved quality)

4. Machine Learning Fundamentals

Machine learning methods can focus on supervised and unsupervised learning forms. Supervised
learning occurs when a model is trained using predefined input and desired output, while
unsupervised learning finds structures from unlabeled data. Unsupervised algorithms work without
annotating the objects of interest and improve machine learning methods used for categorical
classification. A new kind of hybrid strategy combining semi-supervised and self-supervised
learning with fully automated labeling was examined, resulting in the development of a self-
supervised framework for workpiece inspection during machining.
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Deep learning is a subcategory of machine learning algorithms and can be applied to a wide range
of fields, including image classification. Applied machine learning becomes a data-intensive
process and depends on both data and experiences. Advantages of creating fully automated,
intelligent, and real-time quality control methods for various industrial vision applications are
discussed. Artificial intelligence tools must also fulfill industrial and technological requirements
such as real-time processing, high robustness, and high accuracy. Video data is significantly
different from single frame images. A novel intelligent algorithm working in real time on the GPU
is proposed, learning a detection network to rapidly identify handling faults of various industrial
polymers.

Reduced robustness and shifting data distribution are confronting challenges of newly introduced
learning techniques for defect detection tasks. A small database of defects is trained with few-shot
classification networks to detect defects of similar types compared to the training examples, but
does not detect new types. The probability distribution function of defects in production is
unknown, and defects emerge as products circulate in the production line. Data drift detection
monitors distribution changes of numerical variables over time. Statistical and machine learning
approaches need to process non-time-series variables to detect similar events occurring as time
series over a fixed time interval.

Novelty detection works on both numerical and image data and identifies anomalies outside the
training dataset, but requires distribution assumption and normal samples only. Data drift detection
is application-independent and can address non-time-series variables, but typically considers only
variance, shift, and degree extinction. Data drift detection was used to estimate both raw and
feature embedding to identify drift events in the unsupervised domain. To deploy ordinal
regression headings in a categorical classifier, ordinal class embedding must be added.

l Machine Learning (ML)
Supervised Unsupervised
Learning Learning
| Regression I Classification I Clustering I Association

Fig 4: Machine Learning Fundamentals

4.1. Types of Machine Learning In recent years, Machine Learning
(ML) has become a buzzword in various industries. Countless applications have emerged, and new
academic publications appear almost daily. This section serves as a brief overview of the most
common types of ML to provide a better understanding of the methods applied in later parts of this
article. The class of ML can generally be divided into supervised, unsupervised, and reinforcement
learning. A commonly used subclass of supervised learning is regression. In this case, the model
is trained with input data and known numerical values. The trained model can be used to predict
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the expected numerical output for a new input, which is helpful for various practical applications.
The second subclass of supervised learning, classification, aims to distinguish training images
belonging to different classes (labels). A deep learning-based supervised classifier is usually built
as a multi-layered neural network. An input image is processed layer-wise and converted into a
latent feature representation that is typically combined using a fully connected layer, processed by
an activation function, and transformed into predicted class probabilities. As mentioned above,
supervised learning requires labeled data with the same distribution as the training data. Since the
training set does not cover the complete input space, the classification model will not perform well
whenever unseen data is detected or the production system undergoes changes. Thus, unsupervised
learning aims to provide two things: the exploration of unannotated data to find a more informative
representation of the underlying distribution and the classification of true unlabeled data.
Unsupervised approaches are typically used for visualizing high-dimensional data in lower
dimensions. A generative pre-trained model that transfers the problem to data generation is a
widely used unsupervised learning approach. Automatic generative models of deep learning have
attracted a lot of attention in recent years and are seen as a promising new avenue in unsupervised
learning. In recent publications, great performance in text and image generation has been achieved.
In the transfer learning stage of CPT, the parameters of the pre-trained generative model are
preserved, and a discriminator is trained to distinguish between real and generated data. An
existing classification model is used for feature extraction, and these features are passed on to the
classifier.

4.2. Key Algorithms Classification models used for analysis are
tailored for their respective tasks. One can select from one or multiple algorithms, pre-defined ones
(like SVM, Random Forest, KNN, and NN) or custom ones based on different prior knowledge on
the task. The basic setup, e.g. parameters for SVMs, is frequently optimized to obtain the most
suitable settings for the specific task. One can also combine multiple algorithms or algorithms with
pre/post-processing steps like first segmenting the part of a structure that is then analyzed by the
classification model.

Deep networks found widespread application due to their performance and readiness to use. Model
architectures are available off-the-shelf or training on an own dataset is possible (transfer learning).
Convolutional networks are especially appropriate for real-time image analysis since they can
operate on the original image size, which allows for very fast calculation. Overhead stems from
specific preparation and image resizing. Concatenation, e.g. combining various cuts of the same
image together, can allow for even faster computation. Modification and improvement of the
model architecture customize it to specific needs.

Edge cases with surprisingly low classification rate arise. Ones in the reference and evaluation set
are gauged on the gradient of the network. They indicate local areas of performance deterioration
in the parameter space. Accounting for this finding during design provides guidance to architecture
changes to be made. Robustness against fallbacks and useful modifications like prediction horizons
are easily possible.
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5. Data Acquisition and Preprocessing

The proposed image acquisition module consists of a camera head with a lens and illumination
designed together. They were placed on a servo-controlled articulated robotic arm. The camera
was selected according to the imaging scheme: it must have a high resolution (5400 x 3600) and
even illumination. The lens illumination must cover the entire field of view (33.5 mm x 20.6 mm).
The automatic iris control was developed and the operation of the lighting control system was
verified before the implementation of the detection system. The camera head uses a lens with
controlled illumination, which allows the depth of field to be changed. In this way, it is possible
to remove interference or focus on the detail, depending on the type of object. The moving part
created a problem for the detection of the object. A working cycle was developed, in which outputs
corresponding to the triggering of subsequent processes were isolated. The operation of only one
process was analyzed, that is when the camera was triggered. In subsequent versions, other
commands will also be taken into account throughout the work cycle of the production line.

CAM objects are variable (both geometrically and in terms of texture), but at the same time they
can still be trained for many object classes (many fields for each class). The introduction of a state-
of-the-art convolutional neural network (CNN) was proposed, the implementation of which was
carried out in Python using TensorFlow. Data were collected that included both good examples
(6350 images) and abnormal examples (861 images). Training was performed on low-resolution
images (640 x 432) containing both objects (40% of the image) and noise (background). Using
class weights in loss functions allowed good object detection at the test stage (98.24%). The
detection of CAMs showed the right localization as well as the high quality of the circle detection.
In edge cases where CAMs overlap with noise, misdetected positions remain, but they do not
disturb further classification of the detected object.

5.1. Sensor Technologies Different sensor technologies exist
to acquire the information required to evaluate the quality of the assembly process. The most
widely used ones in automotive assembly applications are covered in this section, starting from
one dimensional inline systems and progressing to two dimensional offline systems. Each system
implementation is complemented with details on its suitability for the evaluated tasks, the
advantages it brings, and the problems that hinder their further use. A preliminary comparison of
the reliability and the cost of each approach is also included. Last but not least, advances in sensor
technologies that expand the capabilities of traditional sensors and make them more competitive
alternatives are elaborated on. In addition to the classical approaches, newer sensor technologies
whose feasibility is still to be proven in automotive assembly as of now are also emphasized.

1D inline systems are the baseline quality control for automotive assembly. Their procedure can
be broken down into detection of some reference points, trouble finding incorrect position
identification, and fitment evaluation. Although the basic concept of the devices is simple, the low-
cost sensors, the multiple scanning techniques used, the level of automation involved, and many
other characteristics make the quality control with this technology quite complex. With advanced
optical scanning systems, however, 1D sensors easily fall short in the detection performance. The
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devices based solely on this technology detect fitment problems but cannot correct them
automatically.
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5.2. Data Cleaning Techniques The research articles concerning
visual inspection in automotive assembly line environments have demonstrated a considerable
improvement when it comes to the new recent development process. However, advancements in
the field of deep-learning techniques and growth of image data from the assembly process lead to
the necessity to construct new suitable development environments with respect to selecting deeper
characteristics and emerging new quality-related problems, since quality issues have the nature of
emergence. Utilized technical equipment has several sources creating a data-infrastructure
complex without tiers or layers. This brings extra difficulties in the analysis of data and causes
many data-integration problems. As a consequence of the projected future condition of the
automotive assembly line, the flexible efficient development environment is presented in the form
of tools, techniques, and processes. The development route has definite steps and suggests at the
same time issues for further research. Quality control is one of the key activities performed by
many manufacturing enterprises to ensure that manufactured products meet quality standards.
With the growing production rates and technological complexity of manufactured products, the
cost of on-site defects increases drastically. A defect in a manufactured product can lead to high
costs for warranty coverage or dismissal of the supplier. It could also result in a substantial drop
in sales and potential damage to the brand's reputation, which could take years to recover from.
Therefore, an automated inspection, i.e. detecting defects before they leave the production site, is
desirable. The decreased cost of sensors and connectivity has enabled an increasing digitalization
of manufacturing. Digitalization can be perceived as a buzzword, but in particular, by collecting
data from machines, an enormous amount of data is generated that can be analyzed in many
different ways. Examples are predictive maintenance applications, organizing logistics, and taking
actions on product quality. The analysis of issues concerning product quality has direct financial
consequences. Data-driven approaches for statistical analysis or machine learning can be applied
to aggregate data throughout several production days or weeks, and therefore trending issues and
making predictions of expected defective products is possible. Thus, overall costs and time
required for defect inspection can be reduced. A more typical data-driven approach for visual
inspection is done at a local level. Data-driven visual inspection of manufactured products answers
questions like whether a product is good or defective, and what type of defects can be found. The
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authors recently proposed a stepwise approach for implementing automated visual inspection
based on deep learning techniques.

6. Feature Engineering for Quality Control

There are a variety of features typically employed for automated visual inspection. Initially, it is
broadly categorized into global and local features. Global features describe the image in a larger
context, while local descriptors characterize local patterns in objects. The features may be defined
both manually and automatically. Although some handcrafted features describing textures can be
widely used, they might not always be applicable to new scenarios. As the approaches become
more sophisticated, the deep learning model can automatically extract discriminative features for
defect detection.

Global features capture images or industry objects at a broader level. Simple pixel-wise features,
such as color or intensity histograms, can provide a basic understanding of the object and are often
applied to tasks like product classification. Moreover, a more complicated histogram of oriented
gradient is used for general purposes commonly to obtain the shape information of 2D images.
However, the performance heavily depends on the image resolution, and more importantly, they
result in lower accuracy.

Local features characterize image objects through local patterns, with certain invariance properties
towards geometric transformations and illumination changes. Local feature extracting might be
required for several reference images, thus cannot be directly accessible for a newly arrived
inspection image. Well-known local feature descriptors typically include Speeded Up Robust
Features, Scale Invariant Feature Transform, and local binary patterns. These features are very
successful but suffer from the expensive computational cost for real-time inspection. In recent
years, several approaches based on Convolutional Neural Networks have been proposed and
demonstrated the applicability of product quality assurance, tool condition monitoring, fault
detection, and classification. The deep model is pre-trained for specified tasks; and some feature
maps are extracted to represent the input image. Then, different models are employed, including
clustering, SVM, knn, naive Bayes classifier, and others. One of the major advantages of using
pre-trained deep features is avoiding the subsequent model training.
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Fig : Using machine learning prediction models for quality control a case study from the
automotive industry
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6.1. Identifying Relevant Features Real-time detection of defects in
automotive assembly lines would require evaluating two types of features: image features and time
series features. 2D image features help detect component assembly defects, while time series
features reflect the mechanical states of an assembly robot over time and can capture moving
assembly defects. As components in an assembly line may have various geometric structures,
diverse defects, and random background noise, it is often difficult to extract sufficient image
features for the detection task. Pretrained CNNs are often employed to extract rich image features.
In this way, the feature extraction is driven by a large amount of labeled image data, with the
robustness improved by removing redundant information. Deep networks have been successfully
used for machinery vision tasks for years.

Time series features can provide a generalizable way to detect moving component defects on an
assembly line. Moving defects occur frequently in synchronous assembly lines, which can lead to
mass rework or consumer complaints. With the popularity of data-driven methods, time series-
based approaches for detecting moving defects have received increasing interest. The main
difficulty is that the same component can have various possible orientations when entering the
assembly station. One approach for invariant feature extraction is based on data transformation,
which includes manually learned invariant transformations. Another approach is end-to-end
training of a CNN on input time series signals, followed by fault classification. However, it
requires a large number of labeled instances for each class, which may be costly or impossible in
practice. An alternative is to train models with a few labeled data and use them to label a large
amount of streaming unlabeled data, called semi-supervised learning, which has been widely
studied in the computer vision field and is becoming popular in time series learning.

6.2. Dimensionality Reduction Techniques In practice, nearly all real-world
data sets involve several tens or hundreds of features. These features usually contain redundant or
irrelevant information for the machine learning model. Researching methods to reduce the number
of features of an indicator matrix is a common approach in machine learning. provide a
comprehensive overview of feature selection methods, classifying them into three categories: filter
methods, wrapper methods, and embedded methods. The filter methods first evaluate feature
subsets using a certain statistical measure. In the selected subset of features, the performance of
the model is improved by using those features. The filter methods can scale very well. However,
a good feature subset is often different for different learning models. It is hard to find a unique and
most representative measure to evaluate models in terms of selection of features.

The wrapper methods select and evaluate the training set features according to the model
performance. These methods are much more computationally expensive than filter methods;
however, they often yield a better feature subset than filter methods, which depends on the
accuracy of the performance measures. This method is sensitive to noise with learning of data. It
is less general as it is tied to a specific model and the computation cost is heavy.

The embedded methods, which are inherently incorporated in the learning model, employ sparsity
on the weight of the model to discard irrelevant features. They are less computationally expensive
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than wrapper methods . Since the performance of those features discarded is neglected, it is often
difficult to make sure which discarded features behave well. Two embedded methods are selected
as representatives, which are linear regression and probabilistic PCA.

Equ 3: Supervised Learning for Defect Detection (Classification)

Where:
1
P(y —1 ]{} — _ » y & {0, 1} indicates whether the part passes |
1+ e (w x+h)

* w and b are learned parameters

Conclusion

The automotive industry is constantly changing due to new manufacturing technologies and
customer demands for flexibility and more dedicated models. Assembly and production processes
are being adapted to achieve target outputs using iterative simulations. New-on-the-market
methods enable drastically shorter cycle-time scenarios to be investigated before deployment.
Shorter assemblies require enormous parallelism and oven usage dynamics, variable temperatures,
control optimizations, and ultimately new flavors of machine learning.

Conventional machine learning methods cannot be deployed on control signals. Sensor
measurements are fed into convolutional networks that classify whether constraints are met.
Privacy concerns regarding cloud connections require on-premise processing of large amounts of
data. State-of-the-art methods process internal features of trained models and resemble
dimensionality reduction techniques. They cannot be re-trained or initialized using a smaller
dataset coming from a previously deployed model without exploiting carefully crafted test cases.
Care must be taken regarding the invariance properties of new feature encodings.

Decisions from classical algorithms and neural models can be visualized using local explanations.
These require retraining the underlying model for each deviation from nominal conditions of an
episode. Only a single-case approximation of the model is provided, which must be interpreted by
a domain expert for possible mislearning or drifting. Explaining anomalies results in a divide-and-
conquer paradigm, requiring a new model if any change is made to the production site. On the
other hand, intuition-enhanced models can explain their predictions using learned physical laws.
Such models are rarely applied since most derived quantities are not affected by modeling choices.
Their transparency is exploited in this regard. Some visualizations highlight defective parts by
inpainting them. It is severely limited to extra models and preconfigured tolerances from assembly
plant engineering documents, making it completely new to the chosen scenario.

The discussants considered all advantages and disadvantages. First attempts were made to jointly
train classical and neural networks. Object detection frameworks can be adapted for such
applications. Hyperparameters, the state of initial hyperparameters, and other inputs were subject
to uncertainty. Further investigations are planned by exploiting graphical models. Much effort is
invested in the visualization of the inner workings of the neural network and hand-coding rules for
parts passing and failing processing using time-series segmentation. Regardless of the solution
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ultimately chosen, classical post-processing and machine learning can be integrated into an
adaptable pipeline.

7.1. Future Trends The automation of condition monitoring
and workpiece inspection plays an essential role in maintaining high quality and high throughput
of the manufacturing process. Workpiece inspection based on machine learning (ML) is the second
important step in a complete automation pipeline and it aims to detect the presence of defects on
the workpiece before it leaves the machining area. The developments in ML have led to
improvements in autonomous process supervision. However, one main challenge to ensure broad
acceptance in industrial environments is the monitoring of live deployments of these ML systems
and raising alerts when encountering events that might impact model performance. A critical
aspect that affects model performance is the stability of the data distribution. Supervised classifiers
are typically built under the assumption of stationarity in the underlying data distribution.
However, in many real-world applications, this assumption is violated because of the occurrence
of data drift. Data drift can mean gradual changes of the underlying data distribution as, for
example, the emergence of new types of surface defects. Thus, it is desirable to provide real-time
tracking of a classifier’s performance to inform about the onset of additional error classes for the
use case of workpiece inspection and the necessity for manual intervention with respect to
classifier re-training.

Today’s increased level of automation in manufacturing is accompanied by the need for a similarly
increased level of automation of material quality inspection with minimal human intervention. The
transition from manual to automated quality inspection is an important step toward meeting both
quantity and quality goals in production without compromising one over the other. However, even
after the transition to quality inspection systems that rely on ML analyses of data from sensors, it
is imperative to be able to point out selection of error class and severity of error class for a detected
workpiece. With today’s increased level of automation in manufacturing, manufacturers strive to
achieve both quantity and quality of production without compromising one over the other. With
advances in Atrtificial Intelligence, manufacturers have begun to employ such technologies during
the production cycle to automate quality inspection and monitor machine conditions. By doing so,
it is possible to optimize factory capacities.
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